This paper presents an unsupervised and incremental model of learning segmentation that combines multiple cues whose use by children and adults were attested by experimental studies. The cues we exploit in this study are predictability statistics, phonotactics, lexical stress and partial lexical information. The performance of the model presented in this paper is competitive with the state-of-the-art segmentation models in the literature, while following the child language acquisition more faithfully. Besides the performance improvements over the similar models in the literature, the cues are combined in an explicit manner, allowing easier interpretation of what the model learns.
Introduction
Segmenting the continuous speech stream into lexical units is one of the challenges we face while listening to other speakers. For competent language users, probably the biggest aid in identifying the word boundaries is the knowledge of the words. Not surprisingly, the models of adult word recognition depend heavily on a lexicon (see Dahan and Magnuson, 2006 , for a recent review). The same can be observed in speech and language technology where all automatic speech recognition systems make use of a comprehensive lexicon.
Even with a comprehensive lexicon and an error-free representation of the acoustic input, the problem is not trivial, since the input is often compatible with multiple segmentations spanning the complete utterance. The problem, however, is even more difficult for a learner who starts with no lexicon. Fortunately, the lexicon is not the only aid for segmentation. Experimental research within last two decades has revealed an array of cues that are used by adults and children for lexical segmentation. These cues include, but are not limited to, lexical stress (Cutler and Butterfield, 1992; Jusczyk, Houston, et al., 1999) , phonotactics (Jusczyk, Cutler, et al., 1993) , predictability statistics (Saffran et al., 1996) , allophonic differences (Jusczyk, Hohne, et al., 1999) , coarticulation (E. K. Johnson and Jusczyk, 2001) , and vowel harmony (Suomi et al., 1997) . The relative utility or dominance of these cues is a matter of current debate. However, it seems uncontroversial that none of these cues solves the segmentation problem alone and, when available, they are used in conjunction.
Along with experimental research on segmentation, a large number of computational models have been proposed in the literature. The early studies typically made use of connectionist models (e.g., Elman, 1990; Christiansen et al., 1998) . Of these studies, Christiansen et al. (1998) is particularly interesting for the present study since it incorporates most of the cues used in this study. Using a simple recurrent network (SRN, Elman, 1990) , Christiansen et al. (1998) demonstrated the usefulness of lexical stress, predictability statistics (included implicitly in any SRN model), and utterance boundaries, and showed that combining the cues improves the performance. The connectionist models have been instrumental in investigating a large number of cognitive phenomena. However, they have also been subject to the criticism that what a connectionist model learns is rather difficult to interpret. Furthermore, the performance achieved using connectionist models is far lower than that is expected from humans.
Models that use explicit representations in combination with statistical procedures (e.g., Brent and Cartwright, 1996; Brent, 1999; Venkataraman, 2001; M. Johnson and Goldwater, 2009 ) avoid both problems: these models perform better, and it is easier to reason about what they learn. Although these models were also instrumental in our understanding of the problem, they lack at least two aspects of con-nectionist models that fit human processing better. First, even though we know that human segmentation is incremental and predictive, most of these models process their input either in a batch fashion, or they require the complete utterance to be presented before attempting to segment the input. Second, it is generally difficult to incorporate arbitrary cues into most of these models.
Models that use explicit representations with incremental models exist (e.g., Monaghan and Christiansen, 2010; Lignos, 2011) , but are rather rare. Furthermore, the investigation of cues and cue combination in segmentation is also relatively scarce within the recent studies (exceptions include the investigation of various suprevised models by Jarosz and J. A. Johnson, 2013) .
The present paper introduces a strictly incremental, unsupervised method for learning segmentation where the learning method and internal representations are explicitly defined. Crucially, we use a set of cues demonstrated to be used by humans in solving the segmentation problem. The simulations results that we present are based on the same child-directed speech input used by many other studies in the literature.
The rest of this article is organized as follows: in the next section, we present a method for combining cues. Section 3 describes the cues used in this study. The simulations are described and results are presented in Section 4. A general discussion of the modeling framework and the simulation results are given in Section 5.
A cue combination method
We know that there is no single cue that always gives the correct answer in the lexical segmentation task. We also know that humans combine multiple cues when available. In this section we define a method to segment a given utterance using multiple boundary indicators, or cues, and learn to segment better by estimating usefulness of each indicator. In essence, each indicator makes a decision on each potential boundary location. The method combines these indicators' decisions to arrive at a hopefully more accurate decision. In machine learning terms, we formulate a number of binary classifiers, and aim to get a better classifier using a combination of them. This problems is a relatively well-studied subject in the machine learning literature (e.g., Bishop, 2006, chapter 14) . Here a simple and well-known method, majority voting, will be used for combining multiple boundary indicators.
Majority voting is a common (and arguably effective) method in everyday social and political life. As a result, it has been well studied, and known to work well especially if each voter's decision is better than random on average, and votes are cast independently. In practice, even though the votes are almost never independent, majority voting is still an effective way of combining multiple classifiers (see Narasimhamurthy, 2005 , for a discussion of the effectiveness of the method).
The majority voting combines each vote equally. Even though this may be a virtue in the social and political context, it is a shortcoming for a computational procedure that incorporates information from multiple sources with varying usefulness. We will use a simple augmentation of majority voting to model, weighted majority voting (Littlestone and Warmuth, 1994) , that weighs the utility of the information provided by each source.
In weighted majority voting, the voters that make fewer errors get higher weights. In an unsupervised setting as ours, we do not know for certain when a voter makes an mistake. Instead, we take a voter's decision to be correct if it agrees with the majority. Initially we set all the weights to 1, trusting all the voters equally. We adopt an incremental version of the algorithm, where we keep the count of 'errors' made by each voter i, e i , which is incremented every time the voter disagrees with the majority. After every boundary decision, first, the error counts are updated for each voter. Then, the weight, w i , of each voter is updated using,
where N is the number of boundary decisions made so far, including the current one. This update rule sets the weight of a voter that is half the time wrong (a voter that votes at random) to zero, eliminating the incompetent voters. If the votes of a voter are in accordance with the weighted majority decision almost all the time, the weight stays close to one.
Cues and boundary indicators
The combination method above allows us to combine an arbitrary number of boundary indicators. In our setting, each psychologically motivated cue is represented by multiple boundary indicators that differ based on the source of information used and the way this information is turned into a quantitative measure. This section introduces all of these cues, and the boundary indicators that stem from quantification of these cues in different ways.
Predictability statistics
At least as early as Harris (1955) , it was known that a simple property of natural language utterances can aid identifying the lexical units that form an utterance: predictability within the units is high, predictability between the units is low. However, until the influential study by Saffran, Aslin, and Newport (1996) , the idea was not investigated in developmental psycholinguistics as a possible source of information that children may use for segmentation. After Saffran et al. (1996) showed that 8-month-old infants make use of predictability statistics to extract word-like units from an artificial language stream, a large number of studies confirmed that predictability based strategies are used by adults and children for learning different aspects of language (e.g., Thiessen and Saffran, 2003; Newport and Aslin, 2004; Graf Estes et al., 2007; Thompson and Newport, 2007; Perruchet and Desaulty, 2008) .
To use in our cue combination system, we need to quantify the notion of predictability. In this study, we use two information theoretic measures of predictability (or surprise), to define a set of boundary indicators. The first one, pointwise mutual information (MI) is defined as MI(l, r) = log 2 P(l, r) P(l)P(r) where l and r are strings of phonemes to the left and right of the possible boundary location. We define our second measure, boundary entropy (H) of a potential boundary after string l as
where the sum ranges over all phonemes in the alphabet, A. 1 The use of both the MI and the H is motivated by the finding that combination multiple predictability measures result in better segmentation (see Çöltekin, 2011, p.101 , for an analysis). Furthermore, for asymmetric measures, like entropy, H(l) is clearly not the same as H(r). Motivated by the finding that children use 'reverse predictability' (Pelucchi et al., 2009) , we also incorporate a reverse entropy measure in the present study.
In most studies in the literature, the context l and r are single basic units (phonemes in our case). The different phoneme context sizes may capture regularities that exist because of different linguistic units. The relation between the phoneme context size and the linguistic units, of course, is not clear-cut. However, for example, we expect context size of one to capture the regularities between the phonemes, while context size of two or three to capture regularities between larger units, such as syllables.
The above parameters result in an array of indicators. However, none of the indicators we use have a natural threshold to decide whether a given position is a boundary or not. To get a boundary decision out of a single measure (MI or H), we adopt a method similar to a commonly used unsupervised method that decides for a boundary at the 'peaks' of unpredictability. A particular shortcoming of this strategy, however, is that it can never find both boundaries of a single-phoneme word, as there cannot be two peaks one after another. To remedy this, the partial-peak strategy we employ here makes use of two sets of boundary indicators for each potential boundary: one posits a boundary after an increase in H (or a decrease in MI) and the other posits a boundary before a decrease in H.
Utterance boundaries
An attractive aspect of the predictability-based segmentation is that it does not require any lexical knowledge in advance-unlike other cues noted in Section 1. However, certain aspects of phonotactics, such as the regularities found at the beginning and end of words, can be induced from the boundaries already marked in the input without the need for a lexicon. As a result, clearly marked lexical unit boundaries may serve as another source of information that can bootstrap the acquisition of lexical units. 2 All models of segmentation in the literature use utterance boundaries implicitly by assuming that the words cannot straddle utterance boundaries. The explicit use of utterance boundaries to discover regularities about words is common in connectionist models (e.g., Christiansen et al., 1998; Stoianov and Nerbonne, 2000) . Similar use of utterance boundaries in nonconnectionist models is rather rare. Three exceptions to this are the models described by Brent (1996) , Fleck (2008) and Monaghan and Christiansen (2010) . The method described in this section is similar to Fleck's method, where the model estimates the probability of observing a boundary given its left and right context, P(b|l, r), where b represents boundary, and as before, l and r represent left and right contexts, respectively. If this probability is greater than 0.5, the model inserts a boundary. Using utterance boundaries and the pauses, Fleck (2008) presents a batch algorithm with a few ad hoc corrections that estimates the probabilities P(b), P(l|b), P(r|b), P(l), P(r), and uses Bayesian inversion to estimate P(b|l, r).
In this work, instead of P(b|l, r), we estimate probabilities of utterance beginnings, P(ub|r), and probabilities of utterance ends, P(ub|l), where ub stands for utterance boundary. These probabilities can directly be estimated from the utterance edges in the input corpus, and can be used as cues for discovering non-initial or nonfinal boundaries. Similar to the predictability, using different length l and r we obtain a set of indicators for P(ub|r) and P(ub|l).
Unlike P(b|l, r), for P(ub|r) and P(ub|l) we do not have a straightforward threshold to make a boundary decision. Instead, we appeal to the familiar solution, and use 'partial peaks' in these values as boundary indications.
Lexical stress
Lexical stress is one of the cues for segmentation that is well supported by psycholinguistic research (e.g., Cutler and Butterfield, 1992; Jusczyk, Houston, et al., 1999; . Lexical stress is used in many languages for marking the prominent syllable in a word. For languages that exhibit lexical stress, the prominent syllable will typically be in a particular position in the word, allowing discovery of the boundaries based on the position of stressed syllable.
Despite the prominence of stress as a cue for segmentation, there are relatively few computational studies that investigate use of stress. Christiansen et al. (1998) incorporates stress as a cue in their connectionist cue combination system. Swingley (2005) provides a careful analysis of stress patterns of the bisyllabic words found by a discovery procedure on mutual information and frequency. Gambell and Yang (2006) present surprisingly good segmentation results with a rulebased learner whose main source of information is lexical stress. One of the major problems with the these studies, which has also been carried over to the present study, is the lack of corpora with realistic stress assignment (see Section 4.1).
Our stress-based strategy is similar to the strategy used for learning phonotactics described in Section 3.2. Instead of collecting statistics about phoneme n-grams, we collect statistics over stress assignments on phoneme n-grams. However, the probabilities are estimated over already known lexical units. Given stress patterns l and r, we estimate P(b|l) from endings of the known lexical units, and P(b|r) from the beginnings of the lexical units. Again we use these quantities as indicators for variable length l and r. Using the partialpeak boundary decision strategy in combination with the weighted majority voting algorithm, as before, we define a set of boundary indicators and operationalize lexical stress as another cue for segmentation.
Lexicon
For adults, a comprehensive lexicon is probably the most useful cue for segmentation. We do not expect infants to have a lexicon at the beginning. However, as they build their lexicon, or 'proto-lexicon', they may put it in use for discovering novel lexical units. This is the main strategy behind the majority of state-of-the-art computational models of segmentation (e.g., Brent, 1999; Venkataraman, 2001; ). The models that guess boundaries rarely build and use an explicit lexicon (exceptions include Monaghan and Christiansen, 2010) .
In this study we also experiment with an (admittedly naive) set of lexical cues to word boundaries. The idea is to indicate a boundary when there are word-like strings on both sides of the boundary candidate. In our usual majority voting framework, these form two additional sets of boundary indicators. First, given a possible boundary loca-tion, we simply count the frequencies of already known words beginning or ending at the position in question. The second indicator is based on the number of times the phoneme sequences surrounding the boundary found at the beginnings or ends of the previously discovered words. The second indicator is essentially the same as the phonotactics component discussed in Section 3.2, except that it is calculated using already known word types instead of utterance boundaries.
Similar to the other asymmetric indicators discussed previously, we have two flavors for each indicator. One indicating the existence of words to the right of the boundary candidate (words beginning at the boundary), and the other indicating the existence of words the left of the boundary candidate (word ending at the boundary). As with the other cues, these result in a set of indicators whose primary source of information is the potential lexical units in the learner's incomplete and noisy lexicon.
Experiments

Data
We use a child-directed speech corpus from the CHILDES database (MacWhinney and Snow, 1985) . It was collected by Bernstein Ratner (1987) and the original orthographic transcription of the corpus was converted to a phonemic transcription by Brent and Cartwright (1996) . The same corpus has been used by many recent studies. Following the convention in the literature the corpus will be called the BR corpus.
For the results reported for segmentation strategies that make use of lexical stress, the BR corpus was marked for lexical stress semi-automatically following the procedure described by Christiansen et al. (1998) for annotating the Korman corpus (Korman, 1984) . The stress assignment is done according to stress patterns in the MRC psycholinguistic database. All single-syllable words are coded as having primary stress, and the words that were not found or did not have stress assignment in the MRC database were annotated manually.
Evaluation metrics
Two quantitative measures, precision (P), recall (R) and their harmonic mean F 1 -score (F-score, or F, for short), have become the standard evaluation measures for computational simulations. Following recent studies in the literature we present precision recall and F-scores for boundaries (BP, BR, BF), word tokens (WP, WR, WF) and word types or lexicon (LP, LR, LF). Besides precision and recall, we also present two error measures, oversegmentation (E o ) and undersegmentation (E u ) errors, defined as E o = FP/(FP + TN) and E u = FN/(FN + TP), where TP, FP, TN and FN are true positives, false positives, true negatives, and false negatives respectively.
In plain words, E o is the number of the false boundaries inserted by the model divided by the total number of word internal positions in the corpus. Similarly, E u is the ratio of boundaries missed to the total number of boundaries. Although these error measures are related to precision and recall, they provide different, and sometimes better, insights into the model's behavior.
Reference models
In this paper, we compare the results obtained by the cue combination model with two baselines. The first baseline is a random model (RM) that assigns boundaries with the probability of boundaries in the input corpus. The RM is more informed than a completely random classifier, but it has been customary (since Brent and Cartwright, 1996) in segmentation literature to set the bar a little bit higher. The second reference model is a lexicon-building model similar to many state-ofthe-art models. The model described here, which we call LM, assigns probabilities to possible segmentations as described in Equations 1 and 2.
where s is a sequence of phonemes (e.g., an utterance or a corpus), w i is the i th word in the sequence, a i is the i th sound in the word, f(w) is the relative frequency of the word w, m is the number of known words, and 0 ≤ α ≤ 1 is the only parameter of the model. In all experiments reported in this paper, we will fix α at 0.5. For the incremental model defined here, a word is 'known', if it was used in a previous segmentation. The model accepts whole utterances as single words if the utterance does not contain any known words. Table 1 : Performance scores of the reference models LM and RM in comparison with some of the earlier scores reported in the literature. If there were multiple models reported in a study, the result with the highest lexicon F-score is presented. All scores are obtained on the BR corpus. Table 1 compares the performances of some recent models in the literature using the BR corpus with the two reference models. The LM performs similar to the state-of-the-art models presented in this table. Hence, to aid comparison of the models proposed in this study with the others in the literature, we will (re)report the result of the two baseline models in the rest of this paper. Note that the scores presented in Table 1 can be misleading since the batch models have an advantage due to the way scores are calculated. The scores of the batch models are calculated at the end of training, while scores of the incremental models include initial (presumably bad) choices made before enough exposure to the input. For example, the LM achieves boundary, word and lexicon Fscores of 89%, 81% and 74% respectively, towards the end of the BR corpus. These scores are higher than all of the scores presented in Table 1 (see Table 4 for details the way these scores are calculated).
Experiments and results
This section reports results of a set of simulations using the modeling framework described so far. All experiments are run on the BR corpus. For all the results reported below, each cue is represented by a set indicators as described in Section 3, multiple indicators for each phoneme n-gram of length one and three are used for left (l) and right (r) contexts, for all measures that are calculated over phoneme n-grams surrounding the potential boundary. The use of lexical information and lexical stress as standalone strategies are similar to the 'lexicon-building' strategy. The learner inserts complete utterances to the lexicon when the strategy cannot segment the utterance. As the learner starts to learn (from the edges of the sequences in the lexicon) what the edges of words look like, it uses this information to segment later utterances in the input. 3 We first report the performance results of individual cues, namely, predictability (P), utterance boundaries (U), lexical information (W) and lexical stress (S) in Table 2 .
Using the predictability cue alone leads to a segmentation performance lower than but close to the state-of-the-art reference model LM. Although these results are not directly comparable to the earlier studies in the literature, the performance scores presented in Table 2 are the best scores presented to date for models using the predictability cue alone. Graphs presented by Brent (1999) indicates about 50%-60% WP and WR and 20%-30% LP for his baseline model utilizing mutual information on the BR corpus. Cohen et al. (2007) report 76% BP, and 75% BR on George Orwell's 1984. Christiansen et al. (1998) report 37% WP and 40% WR with an SRN using phonotactics and utterance boundary cues on another child-directed speech corpus (Korman, 1984) .
The model that learns from the utterance boundaries seems to perform the best. The results are comparable, and in some cases better than the LM. Furthermore, the overall scores are also higher than the scores reported by Fleck (2008) , where the boundary, word and lexical F-scores were 82.9%, 70.7% and 36.6%, respectively.
Although it is somewhat behind both predictability and utterance boundary cues, the lexical information alone certainly performs better than random. The lower performance of this model in comparison to 'U' suggests that, at least in this setting, phonotactics learned from word tokens found at the utterance edges leads to a better performance compared to the phonotactics learned from the word types in the learner's lexicon.
The experiment that takes only the stress cue into account yields the worst overall results. It seems, when the cue indicates a boundary, it is extremely precise. However, it is also very conservative. This seems to be due to the fact that the model learns to segment at weak-strong transitions, which is expected to be precise. However, since majority of the stress transitions are strongstrong, this covers rather a small portion of the boundaries. Table 3 : Results of combination of strategies based on four cues: starting with predictability and utterance boundaries (PU), addition of lexicon (PUW) and lexical stress (PUWS). The rows labeled LM and RM are scores of reference models repeated for ease of comparison. Table 3 presents combination of predictability and utterance boundaries, followed by lexical information and stress. Here all indicators are combined in a flat, non-hierarchical manner. The combination of predictability and utterance boundaries results in higher F-scores, and it results in more balanced under-and over-segmentation errors. The addition of the lexical information provide a small but consistent improvement. However, adding stress information seems to have an adverse effect. Despite the increased boundary and word precision, all other performance scores go down substantially when we add the stress cue.
The scores in Table 3 are obtained over the complete corpus. As noted in Section 4.3, these scores do not reflect the 'learned' state of the models. Furthermore, we are interested in the progress of a learner as more input is provided. To demonstrate both, E o and E u for all combined models are plotted in Figure 1 for each 500 utterances.
An interesting observation that can be made in these graphs is that the models without the stress cue make fewer undersegmentation errors, with the cost of slightly higher oversegmentation. However, the strategy that combines all cues keeps Table 4 : The same results presented in Table 3 , but measured for the last 290-utterances (last block in an incremental experiment with 500-utterance increments).
oversegmentation errors low throughout the learning process, and towards the end, it makes fewer undersegmentation errors as well. This suggests that the model combining all cues, including the stress, may be doing better as it collects more evidence. To demonstrate this further, Table 4 presents the same results presented in Table 3 , calculated on the last block of an experiment where performance scores were calculated after every 500 input utterances. Besides demonstrating the increase in performance scores when calculated at later stages of learning, the differences between tables 3 and 4 show clearly that despite the fact that it has a detrimental affect when scores are calculated over the complete corpus, the stress cue has a positive effect at the end of the learning process. This suggests that the combined model using stress cue learns slower and makes more mistakes at the beginning. However as evidence accumulates, it starts to be useful, and increases the overall performance of the combined model.
General discussion
This paper introduced an unsupervised and incremental model of segmentation that focuses on combining multiple cues relevant to child language acquisition as attested by earlier studies in psycholinguistics. Unsupervised and incremental models of segmentation that combine multiple cues are not new. There have been many models sharing these properties to some extent. In particular, the model presented in this paper has many similarities with an earlier connectionist model of segmentation presented by Christiansen et al. (1998) . However, unlike connectionist models, the model presented here uses accessible explicit representations, and an concrete learning procedure.
Most recent models with explicit representations and statistical learning procedures tend to be models that process their input in 'batch'. These models typically perform better when measured at the overall best performance level, and the insights we get from these models are undeniably useful. However, these models typically provide explanations at Marr's (1982) computational level . The modeling practice we follow is similar to these models in many ways, and can provide explanations for the same type of questions. However, it may also provide explanations at lower levels (e.g., Marr's algorithmic level ). This is not to claim that children learn exactly the way the model learns. However, the type of models presented in this paper follow human behavior more faithfully, and, at least in principle, more detailed predictions can be tested on these models. Naturally, relevance of the findings for human cognition will be increased as we constrain our models further in accordance with what we know about the cognitive processes.
The first contribution of this study is the description of a modeling framework that follows what we know about human segmentation process with high fidelity while keeping the benefits of a model with explicit representations and statistical learning methods.
Besides the performance scores that are competitive with the state-of-the-art models in the literature, the simulations also provide some insights regarding the cues commonly studied in the psycholinguistics literature. Some of the findings confirm the previous results. Indeed, it seems that combining multiple cues help. However, the properties of the modeling framework presented in this paper allows us to make some other interesting observations, for example, the effect of stress cue presented in Section 4.4.
When we look at the overall effect of the stress cue throughout the complete simulations, it seems stress degrades the performance. However, if we take a look at the models' performances at the end of the learning, we see that effect of the stress cue is actually positive. In other words, once 'bootstrapped' by the other cues, stress becomes a useful cue. Furthermore, the way the stress cue is useful for the model is also in line with the findings in the literature where stress is commonly found to be a dominant cue (Jusczyk, Cutler, et al., 1993; Thiessen and Saffran, 2003) . Given the findings here that stress is rather a precise cue (despite its low recall), it is understandable why it dominates the boundary decisions when available.
The segmentation model presented in this paper demonstrates a way to achieve good segmentation performance using more cognitively relevant and transparent strategies. It is also instrumental at investigating some of the interesting issues regarding cue combination in segmentation, and it is a first step towards models that are more faithful to the human segmentation process. Among other things, we consider two important improvements to the model described here for future work. First, although the combination method used (weighted majority voting) has been successful, other methods such as Bayesian cue combination used for modeling other cognitive processes may be a better approach for segmentation as well. The second improvement we plan is regarding the input. Even though we used a standard corpus as used by many other studies in the literature, it is idealized (e.g., contains no phonetic variation), and poor (e.g., lacking some cues that are available to children) at the same time. Hence, as well as better input representations, using input with variation and noise, and the use of different languages are steps we would like to take in future studies towards a better modeling of segmentation.
